Obesity is a global phenomenon affecting all socioeconomic groups, irrespective of age, gender or ethnicity. In many countries, obesity trends are causing serious public health concerns threatening the viability of basic health care delivery. In this article, we examine the trends of adolescent obesity at the national level in South Korea introducing a new approach for visualising data at the local level based on linked micromap plots. Our analysis shows that the obesity rates for 2013 have only increased slightly since 2006 for South Korean adolescents of both genders in various age groups. However, considerable increases could be observed for the subgroup of adolescent males and adolescent females living in rural areas. Trends at the local level show a slight increase of the prevalence of obesity in most regions of the country, with the highest obesity prevalence found in the Northeast.
Introduction
The prevalence of obesity among children and adolescents has become a serious epidemic health problem that is now estimated to be the fifth leading cause of mortality in the world (James et al., 2008) . Excess body weight can also affect the quality of life, education and income potential (Kolotkin et al., 2001; McLaren, 2007; Puhl and Heuer, 2009 ). In addition, obesity is also associated with various diseases and it increases the risk of premature death (Fontaine et al., 2003; Pichainarong et al., 2006) . Analysing the data and reporting the statistics are therefore important for the identification of health trends and establishment of normal health patterns. Overweight and obesity are most likely the result of complex interactions between genes, lifestyles, dietary habits and socioeconomic factors. As the targets of many public health strategies, life-related factors are modifiable and have been highlighted in many investigations. It is evident that life-related factors, such as physical activity and eating habits, are associated with paediatric overweight and obesity (Han et al., 2010) .
In many cases, health data are presented in extensive data tables that are often sorted alphabetically. However, such tabular presentations tend to be uninformative as it is difficult to quickly find the extreme values (minimum and maximum) in a table and to identify table rows with similar contents. In case of geographic information, tables usually do not allow for a quick link between table rows representing specific geographic regions and the locations of these regions on a map. This fact suggests that the conversion of tabular data into a visual context would better illustrate patterns and relationships in the data as pointed out by Gebreab et al. (2008) . In addition, interpreting and understanding health data usually requires the consideration of the appropriate spatial context because many health datasets come with geographic information. Some health studies in the past incorporated the spatial context in the data analysis (Edsall, 2003; Ezzati et al., 2006; Jacob et al., 2010) . Most of the past studies, however, used only simple images and maps, such as aerial images, choropleth or isopleth maps for the visualisation of health data. Such images and maps have been popular in spite of several problems and limitations (Dent, 1993; Harris, 1999) . The greatest problem is that it is difficult to show more than one statistical variable in an aerial image or a map. Another problem is that a viewer cannot easily observe trends, relationships and anomalies that may be present (Gebreab et al., 2008) . To solve these problems, we use linked micromap (LM) plots, a statistical graph that combines multiple small maps and statistical data panels. LM plots were first introduced in the United States (USA) in 1996 by Carr and Pierson (1996) and have been used for various medical and public health applications in the past (Carr, 2001; Wang et al., 2002) . Comprehensive overviews for the use and creation of LM plots have been published by Symanzik and Carr (2008) and Carr and Pickle (2010) (Ahn, 2013; Han et al., 2014) . Although they have been used for a variety of other medical and health data sets in the United States (Carr, 2001; Gebreab et al., 2008) , to the best of our knowledge, they have not been used in the obesity context. In this study, we describe how spatial patterns of the prevalence of obesity and life-related indicators of adolescents in South Korea can be examined visually and simultaneously using LM plots. First, we examine the trends of adolescent obesity at the national level comparing the rates of obesity and other indicators in the two groups, metropolitan versus rural and male versus female. Second, we visualise the obesity data at the local level using LM plots, with which we can better explore and understand the relationships of the variables and geographic patterns, which are inherent in the data.
Materials and Methods

Data sources
To analyse and visualise the prevalence of obesity of adolescent in Korea, we used the Korean Youth Risk Behavior Web-based Survey (KYRBWS) (http://www.yhs.cdc.go.kr) data for the period from 2006 to 2013. The data were obtained from the Korean Statistical Information Service (KOSIS) (http://www.kosis.kr). KOSIS is the gateway for Korea's official statistics and provides access to data from more than 120 statistical agencies covering more than 500 different topics. We aggregated the data into the 16 upper-level, local autonomies of Korea using the traditional geographic breakdown prior to the creation of Sejong as a special autonomous city in 2007. As of 2006, Korea is divided into eight provinces, one special autonomous province, six metropolitan cities and one special autonomous city. The dataset used in this article was obtained from KOSIS and it consists of eleven variables and a region name. Table 1 lists eight indicator variables and three demographic variables from the data set used in this study.
Metropolitan areas often provide better socioeconomic conditions (such as educational level, income, and wealth) than rural areas. Therefore, we divided the 16 upper-level local autonomies of Korea into two groups, metropolitan (Seoul, Busan, Daegu, Incheon, Gwangju, Daejeon, Ulsan, and Gyeonggi) and rural (Gangwon, Chungbuk, Chungnam, Jeonbuk, Jeonnam, Gyeongbuk, Gyeongnam, and Jeju), according to the extent of urbanisation to determine whether the means of these two groups are equal.
Visualisation
To visualise the geographically referenced data, LM plots use three or more sequence panels (micromap panel, label panel and one or more statistical summary panels) linked in parallel by location. The micromap panel contains miniature drawings outlining a region. This makes the shape and neighbourhood relationships of small geographic Article [Geospatial Health 2016; 11:381] [page 131] 
Category Variable
Indicator Obesity, physical activity, being without breakfast, fast-food consumption, stress, depression, smoking, drinking Demographics Gender, age, year Location Name of region subregions more visible while still maintaining the relevant information in the miniature maps. The label panel gives the names of the geographic subregions, while the statistical panels can represent many different forms of statistical summaries, including box-plots, dot-plots, time series plots, confidence intervals (CI) and others. In addition, the geographic subregions in LM plots are sorted based on the statistical variable of interest, which improves perception among consecutive panels from the top to the bottom of the display. To draw the viewer's attention to focus on a specific area at a time, LM plots divide the map regions into perceptual groups of five or fewer subregions that are highlighted on one of the small maps. The geographic locations, the names of the subregions and the statistical data are linked via a colour scheme. These features make it possible to visualise specific geographic patterns in the data that are often lost in other types of graphs and maps. A good explanatory example of a LM plot that further describes the overall concept can be found in Gebreab et al. (2008) .
Statistical analysis
To explore and analyse the data, common data analysis methods were used in this study. Exploratory data analysis methods are primarily used to explore the data before using more quantitative traditional methods. We used two-sample t-tests (Snedecor and Cochran, 1989) to compare the means of the variables in the two groups. In addition, we fitted regression models to statistically investigate the temporal trends of the prevalence of obesity. With such models, we could determine the relationship between obesity rate and time. Lastly, rank correlation analysis was used to measure the relationship between obesity and other indicators. Figure 1 shows the prevalence of obesity for 2013 by age and gender. The prevalence of obesity for adolescent males in each age group is about twice as high compared to that for adolescent females. The causes for this difference are not immediately obvious. However, an examination of studies with attention to potential gender differences reveals that such differences are common, both before and during puberty (Reilly and Wilson, 2006; Wisniewski and Chernausek, 2009) . Moreover, the prevalence of obesity for both genders at age 18 is about twice as high as the prevalence of obesity at age 13. Figure 2 shows the temporal development of the obesity rate by gender and age group from 2006 to 2013. There were no statistically significant trends in any of the six age groups (13 to 18) for any of the genders. However, a slightly increasing trend from 2006 to 2013 was observed for ten of the twelve age/gender combinations. Only the obesity prevalence of adolescent males at the age of 14, and of adolescent females at the age of 18, decreased slightly from 2006 to 2013. In 2013, the average income per household for the metropolitan group was about $43,310, while that of the rural one was about $38,350 and they were significantly different at the 5% level for the two-tailed test (P=0.014). The rates of obesity and the seven other indicator variables in the two groups, based on aggregated data from 2006 to 2013, were compared via two-sample t-tests. Table 2 shows the results of these comparisons. The rates for obesity, smoking and physical activity for both groups were significantly different at the 5% level for the twotailed test (P=0.001, 0.009 and 0.046, respectively). There were no significant statistical differences between the two groups for the remaining variables. However, it should be noted that the levels for all variables except depression and physical activity were (slightly) higher in the rural areas, even though the difference was not always statistically significant. Figure 3 displays the temporal development in the prevalence of obesity for both genders in the regional subgroups. The tests were conducted to determine whether there was an increase over time, i.e., whether the slope of a regression line was positive. The P value for the slopes of adolescent males and adolescent females in rural areas were 0.012 and 0.005, respectively. Therefore, we can conclude that these slopes were greater than zero, which implies an increasing trend over the study period. There was no significant increase of the slopes of adolescent males and adolescent females in the metropolitan areas (P=0.304 and 0.131, respectively). Adolescent males in the rural areas had the highest absolute increase in the prevalence of obesity, while adolescent males in the metropolitan areas had the lowest increase. It is also noteworthy that adolescent females in the rural areas had a slightly higher obesity prevalence than adolescent females in the met- 
Results
Data analysis at the national level
Visualising data at the local level
The LM plots combine exploratory data analysis capabilities with traditional statistical graphics while maintaining the geographical con- Figure 4 shows a LM plot used to explore the spatial patterns and relationships among obesity, stress, starting the day without breakfast, and depression at the local level.
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The numbers between the statistical panels indicate the rank of a local autonomous entity in the statistical panels to the right. The subregions were sorted top to bottom with respect to decreasing prevalence of obesity. The map panels of the LM plot exhibit the geographic pattern: the highest prevalence of obesity (shown in the statistical panel no. 1) was found in the North and East (with Jeju a spatial outlier); the lowest prevalence was found in the West and in the South.
Obesity did not show any association with stress and being without breakfast (Spearman's rho: -0.122 and 0.024, P: 0.653 and 0.931, respectively) but obesity and depression had a negative association (Spearman's rho: -0.560, P: 0.024). In addition, the data in the statistical panel no. 2 (stress) and no. 3 (being without breakfast) as well as in the statistical panel no. 2 (stress) and no. 4 (depression) are highly correlated. In general, stress, eating behaviour and depression have been recognised as important determinants of obesity (Torres and Nowson, 2007; Luppino et al., 2010) . However, as shown in Figure 4 , obesity in adolescents in Korea were not (or even negatively) associated with these factors. This result complements other studies also based on the KYRBWS data set (Yu, 2011; Byeon, 2013) . Many past studies report that people engaged in any of the four factors mentioned in Table 1 , i.e. physical activity, smoking, drinking and fast-food consumption, are more likely to also engage in other high-risk behaviour (Strauss, 2000; Brownell, 2004; Baek, 2008; Kleiser et al., 2009; Kries et al., 2014) , but they had no significant effect in this study (Spearman's rho: -0.210, -0.186, 0.099, and -0.269, respectively). Figure 5 shows the regional trends and increases of the prevalence of obesity for the period from 2006 to 2013. Jeju had the largest margin in both absolute increase and relative increase from 2006 to 2013. The relative increases were higher in rural areas than in most metropolitan areas. In 2012, the rates in Gangwon, Jeonbuk and Jeonnam increased considerably but they also decreased considerably again in 2013, which could simply be due to a data-collection problem in these three subregions in 2012. The obesity rates in 2013, compared to 2006, had increased (slightly) in all regions except in Seoul. Moreover, as a result of the regression analysis, the slopes for seven of the regions (Gwangju, Gyeongnam, Jeonbuk, Jeonnam, Chungnam, Gangwon, and Busan) were significantly greater than zero at the 5% level for the onetailed test. 
Discussion
Obesity in children and adolescents is a major concern, not only because of health and social problems in the short-term, but also because of a high risk that may continue into adulthood and affect long-term health. Over the past two decades, however, the prevalence of obesity is increasing worldwide although the proportion varies from country to country and between geographical areas within a country (Mohsin et al., 2012) . In past studies, impoverished areas in developed countries often were associated with higher rates of obesity. For example, in an obesity study for the United States, Ogden et al. (2010) reported that children and adolescents from low income families are more likely to be obese than children and adolescents from higher income families. Therefore, the effects of rural areas and lower income on obesity were confounded in our study.
In this study, we examined the trends of adolescent obesity for the period from 2006 to 2013 in Korea and described how spatial patterns of obesity and other variables can be examined visually and simultaneously using LM plots. First, we investigated the temporal variation of the prevalence of obesity at the national level. Second, we divided the 16 local autonomies of Korea into two groups (metropolitan and rural areas) and compared the variables for these two groups. Finally, we explored the geographic patterns and the relationship between the variables using LM plots.
In summary, the prevalence of obesity of adolescent males was about twice as high, compared to that of adolescent females (Figure 1) . Thus, the prevalence of obesity of adolescents in Korea can be said to be determined by gender. Based on this observation, the differences in factors relevant to adolescent obesity (Table 3) , derived from the KOSIS data, can be understood as follows: compared with adolescent females, adolescent males are physically more active, smoke and drink more frequently; have less stress and depression; and are approximately equal with respect to eating fast-food and starting the day without breakfast.
The obesity rates for 2013, compared to 2006, have increased slightly for Korean adolescents in general. Adolescent males living in rural areas had the highest absolute increase in the prevalence of obesity, while adolescent males living in metropolitan areas had the lowest increase. In addition, the obesity rates for 2013, compared to 2006, increased in all regions except in Seoul. The trends at the local level show a slight increase in all regions of Korea. The regions with high obesity prevalence are all located in the Northeast. The results of this study should facilitate the understanding of the variety of geographically referenced data and visualise more enriched statistical information.
Conclusions
It should be noted that the data used in this study already had been aggregated. Therefore, it was not possible for us to adjust for covariates such as age and gender in our analysis at the local level. Such an adjustment might eventually help to better explain some of the unexpected patterns observed in our study. In addition, the body mass index used in this study was calculated from self-reported weight and height and not from anthropometric measures. The self-reported measures could lead to a considerable underestimation of the obesity prevalence rates. Moreover, we are describing ecological correlations, i.e., correlations based on group means, rather than on the unaggregated data. On the one hand, this considerably reduces the sample size, e.g. to n=8 when comparing trends from 2006 to 2013. On the other, this also reduces the variation, compared to using the unaggregated data from several thousand participants of the KYRBWS study each year. Therefore, some of the trends we observed, which ultimately were not statistically significant, may become significant when working with the full-unaggregated data set -and vice versa. 
